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Introduction {#sec001}
============

Urban environments are home to the most rapidly growing human populations on the planet \[[@pone.0194311.ref001]\]. Water is just as important in cities as it is elsewhere, but the concentration of people within cities makes the sustainable supply of clean freshwater a particularly urgent priority for science and policy \[[@pone.0194311.ref002]\]. Globally, cities rely on a wide range of water sources, including groundwater, lakes, reservoirs, and in some cases desalinated ocean water \[[@pone.0194311.ref003]\]. Research on urban water supplies often focuses on how surface and groundwater can be managed. However, water supply is also affected by precipitation systems including the evaporation from land uses far away from cities \[[@pone.0194311.ref004]\]. This connection in the atmospheric water cycle, where evaporation from one location travels through the atmosphere to fall as precipitation in another location, is called moisture recycling.

Urban water only comes from a few different types of sources. Surface water generally comes from either direct rain runoff, or from snow or glacial melt, and is overwhelmingly the most common source of water for urban areas globally \[[@pone.0194311.ref003]\]. Groundwater can come either in the form of fossil aquifers or actively recharged aquifers \[[@pone.0194311.ref005]\]. Desalination, though not as widely used as surface or groundwater, is concentrated in arid areas, particularly in the oil-exporting nations of the Arabian Gulf \[[@pone.0194311.ref006]\]. The conventional spatial unit for surface water is the watershed, and a watershed is delineated by topography, with water flowing downhill to the lowest point, most commonly the ocean \[[@pone.0194311.ref007]\]. Likewise, the surface watershed is also an appropriate boundary for considering the water that is actively recharging groundwater aquifers that are near the surface \[[@pone.0194311.ref008]\].

The water that forms this surface runoff in the watershed originates as precipitation (i.e., rain, drizzle, snow, sleet, graupel, or hail). Previous work enables the analysis of the sources of the precipitation that falls in a given location, including in a watershed \[[@pone.0194311.ref009], [@pone.0194311.ref010]\]. Advances in global modeling enable the tracking of atmospheric moisture flowing around the planet, and furthermore can identify the specific locations where moisture enters the atmosphere as evaporation, and where it falls out as precipitation. In many parts of the world, evaporation from land later returns to land as precipitation. On average, 40% of precipitation on land originates from evaporation that came from land, but this can be substantially higher in some regions and during certain seasons \[[@pone.0194311.ref011]\].

In an effort to link the management of surface water with the sources of precipitation for a given location (e.g. a watershed), Keys et al. \[[@pone.0194311.ref012]\] introduced the concept of the precipitationshed, which defines a spatial boundary enclosing upwind evaporative sources of downwind precipitation ([Fig 1](#pone.0194311.g001){ref-type="fig"}). In the precipitationshed, a precipitation 'sink region' receives precipitation from upwind 'source regions', as well as from within the sink itself ([Fig 1](#pone.0194311.g001){ref-type="fig"}). Other work has found that precipitationsheds are spatially consistent among years, though the magnitude of contribution from different parts of the precipitationshed does fluctuate \[[@pone.0194311.ref013]\].

![Conceptual diagram of a precipitationshed.\
Originally published in Keys et al. \[[@pone.0194311.ref012]\] and reproduced here under the Creative Commons Attribution 3.0 License.](pone.0194311.g001){#pone.0194311.g001}

Importantly, anthropogenic land-use change can significantly alter terrestrial moisture recycling ([Table 1](#pone.0194311.t001){ref-type="table"}; \[[@pone.0194311.ref014]--[@pone.0194311.ref023]\]). This potential impact reveals that tele-connections exist between distant human activities, such as large-scale forest clearing for crop production, and the amount of precipitation falling downwind in a city's watershed \[[@pone.0194311.ref024]\]. The impacts to precipitation from land-use change are summarized in [Table 1](#pone.0194311.t001){ref-type="table"}, with an estimate of the change in precipitation that can result from land-use changes. The significant impacts of land-use change on downwind precipitation are evident, but the impacts are different depending on geographic location (due to climatic differences and wind directions) as well as the type of land-use change. Additionally, significant differences in moisture recycling between dry and wet years have been previously explored \[[@pone.0194311.ref025], [@pone.0194311.ref026]\].

10.1371/journal.pone.0194311.t001

###### Summary of literature values for land-use changes and the associated impact to downwind precipitation, listed in order of publication year \[[@pone.0194311.ref014]--[@pone.0194311.ref023]\].

![](pone.0194311.t001){#pone.0194311.t001g}

  AUTHOR                                                                  REGION                        LAND USE CHANGE (LUC)                                                      TYPE OF LUC                CHANGE IN PRECIPITATION                                                        
  ----------------------------------------------------------------------- ----------------------------- -------------------------------------------------------------------------- -------------------------- ------------------------------------------------------------------------------ ------------------------------------------------------------------------
  Bagley et al. (2012)                                                    East Asia                     Difference betweennatural vegetationand bare soil                          Theoretical                \- - -                                                                         -11.89%
  Cent. Asia                                                              \- - -                        -16.70%                                                                                                                                                                              
  N. America                                                              \- - -                        -8.34%                                                                                                                                                                               
  S. America                                                              \- - -                        -16.90%                                                                                                                                                                              
  W. Africa                                                               \- - -                        -9.64%                                                                                                                                                                               
  Salih et al. (2013)                                                     Sudan                         Deforestation, replaced by grassor desert                                  Theoretical                grass: -1mm/day to +0.5 mm/day                                                 grass: -25% to +5%
  desert: -2.1 mm/day (or more) to +0.5 mm/day                            desert: -52.5% to +5%                                                                                                                                                                                              
  Lo and Famiglietti (2013)                                               California                    Irrigation replacing grassland                                             Observed                   from: +2mm/month to 12mm/month                                                 about +15%
  Wei et al. (2013)                                                       India                         Irrigation replacing variety of different land-uses                        Observed                   from 120mm/yr to 10mm/yr                                                       from +22% to +2%
  China                                                                   from 2 mm/yr to 28 mm/yr      from +0.4% to +5%                                                                                                                                                                    
  USA                                                                     from 0.4 mm/yr to 5 mm/yr     from +0.1% to +1.1%                                                                                                                                                                  
  Sahel                                                                   from 0.4 mm/yr to 4.5 mm/yr   from +0.2% to +3%                                                                                                                                                                    
  Tuinenburg et al. (2014)                                                India                         Irrigation                                                                 Observed                   from: -200 mm/yr in E. India to +200 in W. India, N. India, & Pakistan         from: -15% in E. India to +15 to 30% in W. India, N. India, & Pakistan
  Spracklen et al. (2015)                                                 Amazon                        Deforestation (replaced by variety of land-uses depending on simulation)   Observed and Theoretical   \- - -                                                                         from: -0% (with 0% deforestation) to ∼-20% (with 100% deforestation)
  Swann et al. (2015)                                                     Amazon                        Deforestation (replaced bycropland)                                        Theoretical                from -3mm/day to +1mm/day (or -900mm/yr to +365mm/yr; but, most changes = 0)   from -25% to +17% (but, most changes = 0%)
  Badger and Dirmeyer (2015)                                              Amazon                        Deforestation (replaced by heterogenous cropland)                          Theoretical                from -8mm/day to -2mm/day in NW Amazon (-1460 mm/yr to -365 mm/yr);            \- - -
  from -1 mm/day to +1 mm/day in S & E Amazon (-365 mm/yr to +365mm/yr)                                                                                                                                                                                                                      
  Halder et al. (2016)                                                    South Asia                    Deforestation (replaced by cropland)                                       Observed                   from -16 mm/yr to +16mm/yr                                                     \- - -
  Keys et al. (2016)                                                      Amazon                        Deforestation (replaced bydesert)                                          Theoretical                from: -80mm/yr to -10mm/yr                                                     from: -6% to -1%

Previous work has explored the dire situation of urban water security \[[@pone.0194311.ref003]\]. Likewise, other work has examined moisture recycling dynamics and vulnerability with regard to various sectors of society \[[@pone.0194311.ref012], [@pone.0194311.ref014]\], whether terrestrial moisture recycling can modulate the water cycle during droughts and dry years \[[@pone.0194311.ref025], [@pone.0194311.ref027]\], and how land-use change can modify moisture recycling ([Table 1](#pone.0194311.t001){ref-type="table"}). However, there remains a gap in linking the contemporary understanding of moisture recycling with the vulnerability of urban water resources. Our aim is to contribute toward closing this research gap.

In this paper, we focus on the largest cities globally, so-called megacities that exceed 10 million people, and investigate the extent to which their water supplies are reliant on terrestrial moisture recycling, versus oceanic moisture recycling. We use megacities in this research to include (a) geographically diverse urban areas, (b) a significant fraction of the global human population, and to capture (c) both low- and high-income countries. Our key research questions are:

1.  Where are the evaporation sources providing precipitation for megacity watersheds?

2.  How important for megacity water supplies is terrestrial moisture recycling during dry years compared to wet years?

3.  How does considering terrestrial moisture recycling modify the assessment of megacity water supply vulnerability?

For our first research question, we will identify the sources of water for each megacity in our study, and then we will identify the precipitationshed that corresponds to those water supplies. From this we will calculate how much of the moisture recycling is from land versus oceans. For our second research question, we will identify relatively dry, neutral, and wet years for each megacity by splitting the entire time period of analysis into thirds---a third with the highest average precipitation (e.g. wet years), a third with intermediate precipitation (e.g. neutral years), and a third with the lowest precipitation (e.g. dry years). Using these years, we will identify the precipitationsheds that correspond to each of these ranges of years, and identify whether the moisture recycling patterns for dry years are significantly different from the wet years. Finally, for our third research question, we will combine the output of this analysis with other water stress, land-use change, and demographic data for the megacities, to determine the vulnerability of each megacity's moisture recycling. Each of these methods are explained in detail in the following section.

Materials and methods {#sec002}
=====================

Megacity watershed identification {#sec003}
---------------------------------

McDonald et al. \[[@pone.0194311.ref003]\] evaluated the sources of municipal water for 632 cities globally (representing 1.7 billion people), identifying which cities were dependent on specific types of supply. They identified the geographic coordinates of all points of supply for each city, and whether they were groundwater wells, lakes, diversions from other basins, or desalination plants. As the starting point of our analysis, we used data on the population, type of water dependence, and locations of water sources from \[[@pone.0194311.ref003]\]. We ordered the cities from largest population to smallest population (using populations for 2015), and we identified all megacities globally. Then, we identified the spatial footprint of all water supplies including rivers, engineered diversions, reservoirs, and lakes (see \[[@pone.0194311.ref003]\] for details on their analysis). We also queried a database of global watersheds \[[@pone.0194311.ref028]\].

Calculating the precipitationshed {#sec004}
---------------------------------

To calculate the precipitationshed for each megacity we used a moisture tracking model. Each of the megacities' watersheds was used as the sink of precipitation for the moisture recycling analysis. For example, the watershed for Cairo is the entire Nile River basin. Thus, we would use the entire Nile watershed as the sink region of precipitation, and backtrack this precipitation through the atmosphere to its origin as evaporation somewhere else on the planet.

There is a growing diversity of atmospheric moisture tracking methods and models \[[@pone.0194311.ref009], [@pone.0194311.ref017], [@pone.0194311.ref029], [@pone.0194311.ref030]\], each with various advantages and disadvantages. We use the Water Accounting Model 2layers (hereafter, WAM-2layers), which efficiently computes spatial sources of evaporation for a precipitationshed based on climate data \[[@pone.0194311.ref011]\]. The WAM-2layers vertically integrates water in the atmosphere into an upper and lower layer, which allows for differing wind speeds between the upper and lower atmosphere \[[@pone.0194311.ref023], [@pone.0194311.ref031]\]. Most useful for our analysis, the WAM-2layers is able to track moisture backwards in time, from where it falls as precipitation, back through the atmosphere, to the specific upwind locations where it entered the atmosphere as evaporation (for the backtracking description, see \[[@pone.0194311.ref012]\]).

Thus, the WAM-2layers reveals the origin of where evaporation contributes to a specific location's precipitation, i.e. the precipitation sink. Many parts of the world contribute very small amounts of evaporation to a specific location's precipitation, so to make the data practical, we limit the source region that we consider to all locations that contribute a minimum of 1 mm/yr of evaporation to annual sink precipitation, during every year of the analysis. This is the *core precipitationshed* (see \[[@pone.0194311.ref013]\]). We select 1mm since it is a common depth of precipitation that is measured on precipitation gauges, making it a reasonable lower limit for depicting moisture recycling patterns. The fraction of a sink region's precipitation that is contained within the core precipitationshed can vary significantly, depending on the sink region, the location on the planet, and other factors. However, rather than use the boundary that contains a specific percent of a sink region's precipitation origins (e.g. 50%), we specify a minimum depth of contribution which is easier to relate upwind changes in evaporation to changes to the land-surface.

The data we use for the WAM-2layers is the ERA-Interim reanalysis from the European Center for Mesoscale Weather Forecasting \[[@pone.0194311.ref032]\]. Reanalysis data are a combination of realistic weather forecasting model output, combined and updated with observations from satellites, weather balloons, radar, and surface observations. The ERA-Interim data cover the entire planet, and we downloaded the data at a gridded resolution of 1.5-degrees by 1.5-degrees, for the period 1979 to 2014. We use data at the 6- and 3-hourly timestep, including: 6-hourly specific humidity, 6-hourly winds (horizontal and vertical), 6-hourly surface pressure, and 3-hourly evaporation and precipitation. Since the winds in the atmosphere can move very fast, we must run our model at a time resolution that is able to capture water vapor flowing into and out of each tracked cell without missing water that passes through too quickly. Thus, we run the model at the 15-minute timestep, which requires interpolating the data from either 6- or 3-hourly to 15-minutes.

The results of our WAM-2layers analysis are 36-years of the origins of precipitation, for each megacity.

Detecting the difference between dry- and wet year moisture recycling {#sec005}
---------------------------------------------------------------------

We further analyzed the difference between dry- and wet year moisture recycling to examine whether megacities are more dependent on terrestrial moisture recycling during dry years, compared to wet years. To do this, we first calculated the total annual rainfall in each of the sink regions, for the 36 years of analysis. Second, we split this time-series of annual rainfall into dry, neutral and wet years, with 12 years in each category. We did this by finding the mean annual precipitation for each of the megacity watersheds, and subtracting this from the annual values. In this way, precipitation anomalies for each megacity watershed were calculated as, $$P_{A} = Py - \overline{P}$$ where, *P*~*y*~ is the precipitation for current year, $\overline{P}$ is the mean precipitation for all years, and *P*~*A*~ is the anomalous precipitation for that year. We then split this time series of anomalies into thirds, with the bottom third representing 'dry years', the middle third representing 'neutral years', and the top third representing 'wet years'. Using the dry and wet years, we identified the mean terrestrial moisture recycling ratio at the monthly time scale. Finally, we performed a two-sided student's t-test, to determine whether the terrestrial moisture recycling ratios in the dry years were different from the wet years, using the 90% confidence interval.

We also calculated the difference in evaporation contribution during dry and wet years, and weighted each gridcell by its importance to megacity watershed rainfall. For every location in the precipitationshed (and for the dry, neutral, and wet years), we divided the evaporation contribution by total precipitation falling in the sink region. Formally, $$\begin{array}{r}
{E_{i}^{\prime} = \frac{E_{i}}{P_{sink}}} \\
\end{array}$$ where, *E*~*i*~ is the annual average evaporation at location *i*, *P*~*sink*~ is the annual average precipitation falling in the sink region, and $E_{i}^{\prime}$ is the weighted evaporation contribution from location *i*. In this way, the evaporation was weighted by its importance to sink region precipitation. We then found the fractional difference between dry year and wet year evaporation contribution throughout each precipitationshed by calculating, $$\begin{array}{r}
{E_{diff}^{\prime} = \frac{\left( E_{i,wet}^{\prime} - E_{i,dry}^{\prime} \right)}{E_{wet}^{\prime}}} \\
\end{array}$$ where, $E_{i,wet}^{\prime}$ is the weighted evaporation contribution from location *i* during wet years, $E_{i,dry}^{\prime}$ is the weighted evaporation contribution from location *i* during dry years, and $E_{diff}^{\prime}$ is the fractional difference in weighted evaporation contribution between wet and dry years. We plotted these results on regional maps, which are presented in the Results section.

Megacity water security literature review {#sec006}
-----------------------------------------

We performed a rigorous literature review for all 29 megacities regarding present and future challenges related to water resources, how moisture recycling interacts with these water resources, and whether megacity water security is highly exposed to moisture recycling dynamics.

Furthermore, we integrate the literature review of the overall moisture recycling and water security dynamics for each city, and develop an 'exposure' score that captures how moisture recycling dynamics are (or are not) buffered by each megacity. We use this score to weight the importance of the moisture recycling variables, so that the final vulnerability accurately reflects both the megacity and its coupling to moisture recycling dynamics. Three scores are possible: low exposure at 0.33; moderate exposure at 0.66, and high exposure at 1.0. We do not use zero, which would imply no exposure, since moisture recycling is linked in some way to all of the megacities at the very least via the atmospheric branch of the water cycle.

Moisture recycling vulnerability analysis {#sec007}
-----------------------------------------

The vulnerability analysis combined six different indicators, all related to threats to water supplies for the megacities: water stress (*WS*), economic capacity (*EC*), vegetation-regulated evaporation (*V*~*E*~), land-use change (*LUC*), dry-season sensitivity (*DRY*), and moisture recycling exposure (*MRE*). From the perspective of the megacity itself, it is important to understand how the different elements of this vulnerability analysis connect to one another. First, the two indicators *WS* and *EC* refer to the *a priori* vulnerability of a city's water resources. Second, if a city receives a significant amount of precipitation from upwind vegetation (i.e. *V*~*E*~), and this vegetation is changing (i.e. *LUC*), then it's important to understand that a city's water resources may have the potential for further stress. Third, if the city is more reliant on terrestrial sources of rainfall during dry years (i.e. *DRY*) there is even more potential for water resources vulnerability, because during dry years available water supplies tend to be lower, while water demand is higher for nearly every type of user. Finally, the previous moisture recycling indicators are only relevant to a megacity if they can actually impact urban water stress. Thus, moisture recycling exposure (*MRE*) weights the scores of the moisture recycling indicators (i.e. *V*~*E*~, *LUC*, and *DRY*).

1.  *Water stress* (*WS*) was adapted from \[[@pone.0194311.ref003]\], and was assigned a value of 0 for not stressed, and 2 or 3 depending on the number of different ways that water stress was identified (i.e. there were two surface water stress models, WaterGAP and Water Balance, and a detailed groundwater evaluation). The numbers start at 2 (rather than 1), to emphasize the importance of pre-existing water stress relative to the other components of vulnerability.

2.  *Economic capacity* (*EC*) was adapted from \[[@pone.0194311.ref003]\], and was the income category of each sink region, with "Low income", "Middle lower", "Middle upper", and "High income" being assigned values of 3, 2, 1, and 0 (respectively), with 3 equating to the lowest economic capacity, and 0 referring to the highest economic capacity.

3.  *Vegetation-regulated evaporation* (*V*~*E*~) was taken from \[[@pone.0194311.ref023]\], and refers to the importance of current vegetation to regulating evaporation that returns as precipitation on land. *V*~*E*~ can range from 0% (no vegetation-regulation of evaporation) to 100% (full vegetation-regulation of evaporation). We assigned *V*~*E*~ values of \<5% and \<10% scores of 1 and 2 (respectively).

4.  *Land-use change* (*LUC*) was calculated in this paper, and reflects the annual change in cropland cover throughout the precipitationshed. We used the HYDE dataset \[[@pone.0194311.ref033]\], and calculated the difference between 1990 and 2005 (with 2005 being the most recent year available, and the difference between 1990 and 2005 assumed to reflect contemporary rates of land-use change). Note, this calculation is an indicator of how land-use has changed, and does not pertain directly to evaporation, but rather represents a proxy for potential changes to evaporation as a result of changing land-use. The changes are relatively small, and represent cropland contraction (i.e. negative values) and cropland expansion (i.e. positive values). We categorized *LUC* rates of \<- 0.1%/yr, -0.1%/yr \< *LUC* \<+0.1%/yr, and \>+0.1%/yr, with the vulnerability index of 2,1,2 (respectively). Note, that we categorize both cropland expansion and contraction as more substantial land-use change, whereas any rate between -0.1%/yr and +0.1%/yr is considered as more minor land-use change. Note, that any value of 0%/yr would correspond to a value of 0 on the *LUC* indicator, but there were no such values.

5.  *Dry-season sensitivity* (*DRY*) was calculated in this paper, and is defined as having two or more months that are significantly more (based on student's t-test) reliant on terrestrial moisture recycling compared to wet years. We categorized these values with 0 as insensitive, and 3 as sensitive. We used 3 instead of 1 to highlight the important role that dry years can have on moisture recycling dynamics.

6.  *Moisture recycling exposure* (*MRE*) was calculated in this paper, and is meant to characterize the exposure of urban water stress to changes in moisture recycling. Based on the literature review, and the moisture recycling information contained within this analysis, we assign an exposure score of 'weak', moderate', or 'strong', corresponding to scores of $\frac{1}{3}$, $\frac{2}{3}$, and 1. This exposure score is multiplied by the moisture recycling indicators, producing a set of weighted moisture recycling indicators.

The vulnerability score is calculated as follows, $$\begin{array}{r}
{V_{score} = \frac{WS + EC + MRE\left( \left( V_{E}*LUC \right) + DRY \right)}{V_{maximum}}} \\
\end{array}$$ where, *WS* is water stress, *EC* is economic capacity, *MRE* is moisture recycling exposure, *V*~*E*~ is vegetation regulated evaporation, *LUC* is land-use change, *DRY* is the dry-season sensitivity, and *V*~*maximum*~ is the maximum possible vulnerability, which serves to normalize the summed scores. Thus, the resulting scores range from 0 to 1. The vulnerability of each megacity's moisture recycling was then assigned using the following, $$\begin{array}{r}
{If\mspace{720mu} V_{score} = \left\{ \begin{array}{ll}
{\leq 0.2} & {\mspace{720mu} then,{V_{score} = {very\mspace{720mu} low}}} \\
{> 0.2\mspace{720mu} and\mspace{720mu} \leq 0.4} & {\mspace{720mu} then,{V_{score} = {low}}} \\
{> 0.4\mspace{720mu} and\mspace{720mu} \leq 0.6} & {\mspace{720mu} then,{V_{score} = {medium}}} \\
{> 0.6\mspace{720mu} and\mspace{720mu} \leq 0.8} & {\mspace{720mu} then,{V_{score} = {high}}} \\
{> 0.8} & {\mspace{720mu} then,{V_{score} = {very\mspace{720mu} high}}} \\
\end{array}\operatorname{} \right.} \\
\end{array}$$ where, *V*~*score*~ is the total vulnerability score for each individual megacity.

Thus, we combine analyses from previous work (i.e. *WS*, *EC*, and *V*~*E*~) with new analysis (i.e. *LUC*, *DRY*, and *MRE*) to create an integrated index of moisture recycling vulnerability. Ultimately, we recognize that we are simplifying the relationship among these different indicators, but we view this as an initial step in characterizing integrated moisture recycling vulnerability. In the discussion, we further explore the megacity-specific nuance of how this vulnerability is actually coupled to pre-existing water security.

Results {#sec008}
=======

Megacity watersheds {#sec009}
-------------------

There are 29 megacities globally, based on 2015 population data \[[@pone.0194311.ref003]\] ([Fig 2](#pone.0194311.g002){ref-type="fig"}). Of these, 26 cities were categorized as dependent on surface water for their water supplies (with water provided by direct rainfall runoff, snowmelt, or glacial melt), and the remaining three were primarily dependent on actively recharged groundwater. Several of the megacities obtained water from multiple watersheds, and we combined them into a single watershed. For the three groundwater-dependent megacities we identified the corresponding surface watersheds that contribute water to these groundwater capture zones, by overlaying the groundwater outflow points (from \[[@pone.0194311.ref003]\]) with the previously described database of global watersheds.

![Global map of megacities, with corresponding watersheds that provide surface water and groundwater recharge.\
This figure is based on data from \[[@pone.0194311.ref003], [@pone.0194311.ref028]\], and was created by the authors using QGIS software.](pone.0194311.g002){#pone.0194311.g002}

The current global distribution of megacities includes Africa, Eurasia, North and South America, located both along coasts and inland. There is also heterogeneity in the number of sources that comprise the different megacity watersheds, with some comprised of a single watershed (e.g. Cairo, Kinshasa), while others draw water from many different watersheds (e.g. Los Angeles, São Paulo). The watersheds depicted in [Fig 2](#pone.0194311.g002){ref-type="fig"} became the sink regions used in our moisture tracking analysis.

Precipitationshed identification {#sec010}
--------------------------------

The precipitationsheds for all 29 megacities were calculated, and the moisture recycling details of these are summarized in [Table 2](#pone.0194311.t002){ref-type="table"}. We depict a selection of the megacities in [Fig 3](#pone.0194311.g003){ref-type="fig"}, choosing cities that are (a) located on four different continents, (b) experience different rainy seasons, (c) have a range of watershed areas (with correspondingly, a range of precipitationshed areas), and (d) span the economic spectrum from low to high income. Note that in each figure the sink region (i.e. the megacity's watershed) is indicated with a yellow line. The precipitationsheds for the remaining 25 megacities are included in the [S1 Appendix](#pone.0194311.s001){ref-type="supplementary-material"}.

10.1371/journal.pone.0194311.t002

###### Summary of moisture recycling results for each of the 29 megacities, for neutral years only (i.e. not dry or wet years).

The contribution columns indicate the amount of precipitation falling in the sink region (i.e. megacity watershed) that comes from that region, in terms of both the depth of precipitation falling in the sink region, and the fraction of annual precipitation that comes from that contributing region. Note, the 'Watershed contribution' column refers to internal moisture recycling within the sink region.

![](pone.0194311.t002){#pone.0194311.t002g}

  Megacity                  Total Precip. (mm/yr)   Terrestiral Moisture Recycling ratio   Watershed contribution (aka Sink region)   Core Precipitationshed contribution (aka Source region)   Watershed + Core Precipitationshed contribution               
  ------------------------- ----------------------- -------------------------------------- ------------------------------------------ --------------------------------------------------------- ------------------------------------------------- ----- ----- -----
  Beijing, China            766                     62%                                    49                                         6%                                                        437                                               57%   486   63%
  Bengaluru, India          833                     25%                                    39                                         5%                                                        62                                                7%    101   12%
  Buenos Aires, Argentina   1,347                   57%                                    309                                        23%                                                       455                                               34%   764   57%
  Cairo, Egypt              886                     43%                                    183                                        21%                                                       200                                               23%   382   43%
  Chicago, USA              854                     41%                                    26                                         3%                                                        371                                               43%   397   47%
  Chongqing, China          1,136                   64%                                    163                                        14%                                                       506                                               45%   669   59%
  Delhi, India              732                     43%                                    39                                         5%                                                        147                                               20%   186   25%
  Dhaka, Bangladesh         1,523                   47%                                    279                                        18%                                                       400                                               26%   679   45%
  Guangzhou, China          1,741                   36%                                    107                                        6%                                                        442                                               25%   549   32%
  Istanbul, Turkey          685                     42%                                    26                                         4%                                                        126                                               18%   153   22%
  Jakarta, Indonesia        2,147                   18%                                    52                                         2%                                                        80                                                4%    132   6%
  Karachi, Pakistan         676                     49%                                    123                                        18%                                                       222                                               33%   344   51%
  Kinshasa, DRC             2,038                   52%                                    75                                         4%                                                        606                                               30%   681   33%
  Kolkata, India            1,063                   44%                                    161                                        15%                                                       337                                               32%   498   47%
  Lagos, Nigeria            1.479                   51%                                    91                                         6%                                                        471                                               32%   562   38%
  Los Angeles, USA          406                     29%                                    40                                         10%                                                       33                                                8%    73    18%
  Manila, Philippines       2,115                   12%                                    42                                         2%                                                        19                                                1%    62    3%
  Mexico City, Mexico       694                     32%                                    71                                         10%                                                       97                                                14%   168   24%
  Moscow, Russia            733                     42%                                    20                                         3%                                                        157                                               21%   176   24%
  Mumbai, India             1,053                   28%                                    15                                         1%                                                        5                                                 0%    20    2%
  New York City, USA        1,178                   37%                                    26                                         2%                                                        296                                               25%   322   27%
  Osaka-Kobe, Japan         1,510                   29%                                    53                                         3%                                                        128                                               8%    181   12%
  Paris, France             844                     28%                                    24                                         3%                                                        57                                                7%    81    10%
  Rio de Janeiro, Brazil    1,238                   46%                                    46                                         4%                                                        354                                               29%   400   32%
  Sao Paulo, Brazil         1,304                   54%                                    71                                         5%                                                        566                                               43%   637   49%
  Shanghai, China           1,203                   37%                                    22                                         2%                                                        207                                               17%   228   19%
  Shenzhen, China           1,840                   29%                                    38                                         2%                                                        302                                               16%   340   18%
  Tokyo, Japan              1,572                   26%                                    23                                         1%                                                        39                                                2%    62    4%
  Wuhan, China              1,311                   56%                                    176                                        13%                                                       502                                               38%   678   52%

![Megacity precipitationsheds, based on a core boundary (ranging from 1 mm/yr).\
Yellow lines enclose the sink regions, and the prevailing winds are indicated to illustrate the average direction of the winds throughout the year.](pone.0194311.g003){#pone.0194311.g003}

In a general sense, there are several features that are obvious from looking at the four panels in [Fig 3](#pone.0194311.g003){ref-type="fig"}. First, precipitationsheds can be very extensive in reach, in particular the precipitationsheds for Karachi and Chicago. Even for these two extensive precipitationsheds, however, the regions that contribute a lot of evaporation (relatively speaking) are much more concentrated near the sink region. Additionally, precipitationsheds can include regions that are a great distance from a sink region, while excluding areas that are very close to the sink region. For example, Chicago's precipitationshed, includes contributions from the quite distant Pacific Ocean, while excluding regions that are nearby in Canada and the Northeastern USA.

The spatial patterns of the precipitationsheds are largely driven by the prevailing wind patterns. This is quite clear in the Chicago precipitationshed where we can see the flow of moisture from the southeastern United States and from the Gulf of Mexico. In São Paulo, we see the flow from the Atlantic, and how it piles against the Andes Mountains. We include the mean annual wind patterns in [Fig 3](#pone.0194311.g003){ref-type="fig"} for reference.

[Table 2](#pone.0194311.t002){ref-type="table"} presents the full moisture recycling data for all of the megacities (rows), with columns for total annual precipitation, moisture recycling in the sink region (i.e. the megacity watershed), and the core precipitationshed (i.e. the land areas that contribute 1 mm/yr or more of evaporation to the precipitation in the sink region). There are several interesting details revealed in the summary table. First, there are a large number of cities that experience high terrestrial moisture recycling. Eight megacities receive around 50% or more of their watershed's precipitation from upwind land areas, including Beijing, Buenos Aires, Chongqing, Karachi, Kinshasa, Lagos, São Paulo, and Wuhan. These could reasonably be considered "terrestrial moisture recycling-dependent" megacities, given their reliance on upwind land for sustaining their water supplies. There are also, four megacities that receive around 20% or more of their precipitation from internal moisture recycling, including Buenos Aires, Cairo, Dhaka, and Karachi. In other words, about 20% of the rain falling within each of these city's watersheds originates as evaporation within that watershed. Finally, 8 of the 29 megacities receive nearly half of their precipitation from their core precipitationshed. Put differently, these 8 megacities are reliant on the land areas in their core precipitationshed (including the sink region itself) for providing evaporation to sustain their precipitation.

The average characteristics presented above ([Table 2](#pone.0194311.t002){ref-type="table"}) and the 36-year core precipitationshed ([Fig 3](#pone.0194311.g003){ref-type="fig"}), do not communicate the seasonal variation within a year. [Fig 4](#pone.0194311.g004){ref-type="fig"} depicts the average monthly distribution of both precipitation in the megacity watersheds (bars) and the monthly average terrestrial moisture recycling (TMR) ratios (lines), for neutral, dry, and wet years.

![Summary of monthly average precipitation and terrestrial moisture recycling (TMR) during neutral, dry, and wet years.\
Note that the y-axis corresponds to both meters per month of precipitation (represented by bars), and the fraction of precipitation originating from upwind land surfaces (represented by lines). The dots indicate significant differences for either dry or wet years during that month; see [Methods](#sec002){ref-type="sec"} for further details.](pone.0194311.g004){#pone.0194311.g004}

In general, there is a wide range in the types of annual precipitation patterns we see among the four featured megacities (bars in [Fig 4](#pone.0194311.g004){ref-type="fig"}). There are three apparent types of annual cycles: relatively constant (e.g. Chicago), very wet season with very dry season (e.g. São Paulo, Kinshasa), and multiple rainy seasons (e.g. Karachi). The comparison of neutral, dry, and wet rainfall years (corresponding to black, red, and blue bars, respectively), indicates that in some locations there is very little difference between wet and dry years (e.g. Chicago, Karachi), whereas there are much bigger differences in others (e.g. São Paulo, Kinshasa).

The terrestrial moisture recycling ratios, referring to the fraction of rainfall coming from land versus ocean, are depicted as lines in [Fig 4](#pone.0194311.g004){ref-type="fig"}. An important note is that the three lines for neutral-, dry- and wet-year terrestrial moisture recycling do not follow the same patterns for each of the megacities. In some regions there is a peak in terrestrial moisture recycling (e.g. Chicago, Karachi), a relatively steady rate of moisture recycling (e.g. São Paulo), or increased variability in moisture recycling during the dry part of the year (e.g. Kinshasa).

The TMR ratios presented in [Fig 4](#pone.0194311.g004){ref-type="fig"}, suggest there may be significant differences between dry and wet year TMR. We found that 20 of 29 megacities had significantly higher TMR ratios during dry years, during two or more months, and ten of those experienced significant differences during four or more months. Conversely, eight megacities had significantly higher TMR during wet years for two or more months, and two of those had significantly higher TMR ratios during four months.

To explore the dry and wet year dynamics spatially, we calculated the difference in evaporation contribution during dry and wet years, and weighted each gridcell by its importance to megacity watershed rainfall (see [Eq 3](#pone.0194311.e005){ref-type="disp-formula"} in [Methods](#sec002){ref-type="sec"}). [Fig 5](#pone.0194311.g005){ref-type="fig"} depicts this calculation for Chicago, Karachi, Kinshasa, and São Paulo. Chicago's differences indicate more contribution from northern latitudes during dry years and more from lower latitudes in wet years. The relatively higher contributions from the Mexico-California region suggests wetter years may be associated with wet years in the desert southwest, and potentially with tropical storm activity in the Gulf of Mexico. Karachi's differences are more heterogeneous than Chicago's, but we still see the marked importance of land areas during dry years and oceanic sources during wet years. The Tibetan Plateau, Himalaya, and western Russia are key dry year sources of rainfall. Meanwhile, key wet year sources include the Indian subcontinent, parts of Iran, and southern Pakistan itself.

![Percent difference between driest and wettest years of evaporation contribution to sink regions (yellow lines).](pone.0194311.g005){#pone.0194311.g005}

Kinshasa's wet-year sources include much of the core of the Congo river basin. The dry-year sources originate in the Atlantic Ocean, as well as directly south from Angola and Zambia. São Paulo's dry and wet year dynamics are quite complex, including ocean to land tele-connections. Dry year sources are dominated by relatively more contribution from just off the coast of São Paulo in the Atlantic Ocean, as well as just over São Paulo province itself. Wet year sources, however, are related to strong transport from the middle Atlantic Ocean, which then flows over the Amazon, piles against the Andes Mountains, and sweeps south to São Paulo. This tele-connection from the oceans to the Amazon is what makes wet years have significantly higher TMR ratios ([Table 2](#pone.0194311.t002){ref-type="table"}), since moisture sources are predominantly in the southern Amazon, and central Brazil.

Moisture recycling exposure {#sec011}
---------------------------

It is not a given that moisture recycling vulnerability will translate to urban water stress. There can be many buffers between precipitation falling in a watershed and the water that flows into a city's pipes, including dam storage, transport via canals, and storage in local reservoirs. Our literature review of urban water supplies and exposure to moisture recycling dynamics revealed that many cities' water supplies are in fact highly exposed to their moisture recycling. In some cases this was simply due to there being few buffers between moisture recycling dynamics and water supplies. We present the results of our moisture recycling exposure analysis below, with the results for the remaining 25 megacities provided in the [S1 Appendix](#pone.0194311.s001){ref-type="supplementary-material"}.

### Chicago {#sec012}

Chicago receives its water from Lake Michigan, which is part of the network of the Great Lakes in the United States and Canada \[[@pone.0194311.ref034]\]. Lake Michigan is a precipitation and snowmelt dominated watershed, and withdrawals and management are very tightly regulated by both domestic regulations and international water law \[[@pone.0194311.ref034], [@pone.0194311.ref035]\]. The lake itself is highly polluted, and climate change may even threaten lake elevation leading to further challenges of water security in Chicago \[[@pone.0194311.ref035]\]. In Chicago the most relevant land-use change is conversion to agricultural land, especially in Canadian forests and prairies, which are disproportionately important during dry years. However, given that Lake Michigan, and the Great Lakes more generally, are massive, and given that there are several controls that can help manage the flow among the uppermost (Lake Superior) and lowest (Lake Ontario) lakes \[[@pone.0194311.ref036]\], we suggest that Chicago has a low exposure to moisture recycling dynamics.

### Karachi {#sec013}

Karachi lies near the coast of Pakistan, and almost fully relies on water from the Indus River for its municipal supply \[[@pone.0194311.ref037]\]. However, the volume of water from the Indus is very insufficient for demand, and is made worse by a swelling population and inept management and institutions \[[@pone.0194311.ref038]\]. Karachi also has a very high reliance on a single source of surface runoff, a majority of which comes from either rain runoff or snowmelt \[[@pone.0194311.ref039]\]. Nearly 50% of the precipitation falling in the Indus comes from terrestrial sources with a pronounced reliance on the Tibetan plateau during dry years. Despite the natural buffer of glacial melt (which will likely diminish significantly in coming decades), Karachi has very few buffers for its water supply, suggesting that there is high exposure to moisture recycling dynamics.

### São Paulo {#sec014}

São Paulo is reliant on surface runoff into a system of reservoirs called the Systema Cantareira \[[@pone.0194311.ref040], [@pone.0194311.ref041]\]. This network of reservoirs draws water from four different catchments in the São Paulo region. The storage in these reservoirs is quite sensitive to variations in rainfall \[[@pone.0194311.ref041]\], and thus there is limited buffer between changes in the delivery of rainfall and reservoir storage for supply. Additionally, pollution in the region is very high owing to high levels of informal and slum settlements adjacent to the reservoirs \[[@pone.0194311.ref040]\]. For São Paulo, the most relevant land-use change is likely to be in the zone of Brazil experiencing rapid conversion of tropical forest to grazing land and agricultural fields. These changes can lead to significant impacts for downwind precipitation, though there is debate over the magnitude of this impact (e.g. \[[@pone.0194311.ref020], [@pone.0194311.ref021]\]). There is much work being done on the topic of land-use change in Brazil, so water managers in São Paulo (as well as adjacent Rio de Janeiro) have a wealth of data and analysis to consider regarding water security challenges in the precipitationshed. Despite the concerted work to manage water issues (e.g. land-use change monitoring, water quality improvements, the management of limited supply), São Paulo's reliance on rainfall that is primarily recycled from externally supplied sources suggests high exposure of São Paulo's water supply and moisture recycling.

### Kinshasa {#sec015}

Kinshasa's water supply comes directly from the Ndjili River to the east of Kinshasa, which flows into the Congo River \[[@pone.0194311.ref042]\]. The river provides most of the municipal water supply to Kinshasa, and currently experiences high levels of contamination from human sewage \[[@pone.0194311.ref042]--[@pone.0194311.ref044]\]. Several treatment plants were installed historically, but have fallen into disrepair and cannot keep pace with population growth \[[@pone.0194311.ref043], [@pone.0194311.ref044]\]. Likewise, piped connections have broken, and overall municipal water service is unreliable and incomplete \[[@pone.0194311.ref044]\]. As for land-use change, Kinshasa is particularly vulnerable to changes in the interior of the Congo River basin, within the Democratic Republic of the Congo, and unlike some other megacities' watersheds, the Congo is very understudied \[[@pone.0194311.ref042]\]. Given the lack of regulation of land-use, the direct use of water in the Ndjili river for drinking supply, and the inadequate infrastructure for managing changes in water, Kinshasa's water supply is highly exposed to changes in moisture recycling \[[@pone.0194311.ref042]--[@pone.0194311.ref045]\].

Moisture recycling vulnerability {#sec016}
--------------------------------

Our results thus far include spatially mapping the sources of rainfall for each megacity's watershed, and discovering the relatively higher importance of terrestrial sources of moisture during dry years. We take our analysis a step further to better understand how these realities about the precipitationshed interact with other aspects of water resources vulnerability, and find the answer to our third research question. The results reveal a wide range in vulnerability, with 4 highly vulnerable cities: Karachi, Shanghai, Wuhan, and Chongqing ([Table 3](#pone.0194311.t003){ref-type="table"}). There are 6 medium and low vulnerability cities, and 4 very low vulnerability cities. All the megacities with a medium or high vulnerability score are currently experiencing water stress (*WS*). Also, perhaps not surprisingly, all the high-income countries (i.e. high economic capacity) have a low or very low vulnerability score. The moisture recycling indicators are less obvious in terms of the results, and we discuss this further in the following section. In terms of global distribution all of the highly and medium vulnerability megacities are located in Asia.

10.1371/journal.pone.0194311.t003

###### Moisture recycling vulnerability analysis, as related to the megacity precipitationshed; 'water stress' (*WS*) and 'economic capacity' (*EC*) are taken from \[[@pone.0194311.ref003]\]; vegetation-regulated evaporation (*V*~*E*~) is taken from \[[@pone.0194311.ref023]\]; land-use change (*LUC*) is calculated using the HYDE 3.1 dataset (from \[[@pone.0194311.ref033]\]) and the precipitationsheds identified herein; 'dry-year sensitivity' (*DRY*) and 'moisture recycling exposure' (*MRE*) are calculated using the analysis herein.

The order of the cities is from highest to lowest vulnerability.

![](pone.0194311.t003){#pone.0194311.t003g}

  MEGACITY                  VULN.      *V*~*score*~   *WS*   *EC*       *MRE*   *V*~*E*~   *LUC*    *DRY*
  ------------------------- ---------- -------------- ------ ---------- ------- ---------- -------- -------
  Karachi, Pakistan         high       0.77           yes    low        100%    7.8%       -0.05%   yes
  Shanghai, China           high       0.69           yes    medium     100%    7.6%       0.02%    yes
  Wuhan, China              high       0.69           yes    medium     100%    5.0%       -0.01%   yes
  Chongqing, China          high       0.62           yes    medium     100%    7.5%       -0.03%   yes
  Delhi, India              medium     0.54           yes    low        100%    13.3%      0.08%    
  Istanbul, Turkey          medium     0.54           yes    medium     100%    2.2%       -0.08%   yes
  Shenzhen, China           medium     0.54           yes    medium     100%    2.9%       -0.02%   yes
  Kolkata, India            medium     0.51           yes    low        33%     7.5%       -0.04%   yes
  Beijing, China            medium     0.49           yes    medium     67%     7.8%       0.04%    yes
  Moscow, Russia            medium     0.46           yes    medium     100%    4.0%       -0.19%   
  Mexico City, Mexico       low        0.39           yes    medium     67%     0.0%       0.05%    yes
  Kinshasa, DRC             low        0.38                  very low   100%    10.5%      0.01%    
  Mumbai, India             low        0.38                  low        100%    0.0%       -0.34%   yes
  New York City, USA        low        0.38                  high       100%    6.1%       -0.07%   yes
  Rio de Janeiro, Brazil    low        0.38           yes    medium     100%    3.5%       0.15%    
  Dhaka, Bangladesh         low        0.33                  very low   33%     4.9%       -0.03%   yes
  Tokyo, Japan              low        0.31           yes    high       67%     0.0%       -0.06%   yes
  Bengaluru, India          low        0.31           yes    low        100%    0.0%       -0.17%   
  Lagos, Nigeria            low        0.31                  low        100%    4.0%       0.13%    
  Buenos Aires, Argentina   low        0.28                  medium     67%     1.3%       0.06%    yes
  Guangzhou, China          low        0.28                  medium     67%     1.9%       0.06%    yes
  Los Angeles, USA          low        0.23           yes    high       67%     0.0%       0.04%    
  Jakarta, Indonesia        low        0.23                  low        33%     0.0%       0.18%    yes
  Manila, Philippines       low        0.23                  low        33%     0.0%       0.57%    yes
  Osaka-Kobe, Japan         low        0.21                  high       67%     3.3%       -0.02%   yes
  Cairo, Egypt              low        0.21                  low        67%     3.7%       -0.02%   
  Paris, France             very low   0.15                  high       67%     0.0%       -0.04%   yes
  Sao Paulo, Brazil         very low   0.15                  medium     100%    4.9%       0.09%    
  Chicago, USA              very low   0.10                  high       33%     4.6%       0.05%    yes

Vulnerability indicators {#sec017}
------------------------

The *a priori* indicators of vulnerability (*water stress* and *economic capacity*) were weighted to reflect their importance in the actual vulnerability of megacities, but not so high as to overshadow the moisture recycling indicators. As such, the cities experiencing water stress are clustered in the top half of [Table 3](#pone.0194311.t003){ref-type="table"}. However, economic capacity was not a key determinant of water supply vulnerability, though none of the most vulnerable cities have a high economic capacity.

There is very little pattern in the distribution of the moisture recycling indicators (*V*~*E*~, *LUC*, and *DRY*). This could be because moisture recycling exposure (*MRE*) is a very strong determinant of the eventual vulnerability score, and is not tied to the moisture recycling indicators directly, but rather the presence or absence of a megacity's buffering capacity to mitigate moisture recycling change. Also, the *MRE* can only preserve or reduce the eventual vulnerability score, since it weights the moisture recycling indicators by a maximum of 1. The fact that there is less of an overall pattern in terms of moisture recycling indicators (in scanning from highest to lowest vulnerability) is not a weakness of the vulnerability score since it suggests that there is high heterogeneity in the types of moisture recycling dynamics experienced by megacities.

For example, Manila's precipitationshed may be experiencing very rapid land-use change (*LUC*), but has almost no vegetation-regulated evaporation (*V*~*E*~), so that indicator is functionally zero. Similarly, Mumbai is sensitive to dry year moisture recycling, but *LUC* and *V*~*E*~ are sufficiently low to dampen the vulnerability score. Again, these interactions among the vulnerability indicators underscore the complexity of how changes in terrestrial moisture recycling may impact water security.

Discussion {#sec018}
==========

Cities that are reliant on surface water or actively recharged groundwater, are by extension reliant on the precipitation that falls in their watersheds. Referring back to our first research question, we find that 19 of 29 megacities receive more than a third of their water supplies from terrestrial moisture recycling, i.e. showing a dependence on land use upwind. Regarding our second research question, we find that for 20 of the 29 megacities, terrestrial moisture recycling is notably higher in dry years relative to wet years. Finally, for our third research question, we find that 4 of the 29 megacities experience high vulnerability related to their moisture recycling.

We unpack these results further below, in the context of geospatial perspectives and governance. We finish the discussion by examining pathways of future research and some of the limitations of our approach.

Geospatial perspectives {#sec019}
-----------------------

The use of the megacity as the starting point for our analysis provided a focal point in terms of the number of people and the type of human footprint that is present on the land. However, there exists enormous variation in the spatial size of the corresponding watersheds, and subsequent precipitationsheds, for the 29 megacities. The reasons for this are that many urban settlements are 'accidents' of geography, hydrology, history, and climate (e.g. \[[@pone.0194311.ref046]\]), with some notable exceptions such as Shenzhen \[[@pone.0194311.ref047]\].

The range in size of precipitationsheds is vast, but the size of precipitationshed is not correlated with the size of the megacity. For example, one of the largest megacities on Earth (Tokyo) has one of the smallest precipitationsheds, simply because its watershed is also very small. This spatial variation is important since a large precipitationshed can itself provide a buffer to megacity water security, since even if the land-use change is a threat to downwind precipitation, the risk can be spread across a large area. Conversely, a small precipitationshed could be a particularly large risk, if land-use change is considerable (in either amount or speed of change). Likewise, if the areas of change are outside of the national boundaries or watershed boundaries, the ability to exert political or economic control on that land-use change may be limited.

The global distribution of the megacities is also important, with all of the high and medium vulnerability megacities located in Asia. This is not necessarily consistent with existing work on global distribution of water insecurity, since Africa is often considered the most water insecure continent (e.g. \[[@pone.0194311.ref048]\]). The importance of management and governance of land and water resources will be explored further below.

Moisture recycling and governance {#sec020}
---------------------------------

Several of the larger precipitationsheds in this study experience significant moisture recycling within the sink region itself. Cairo, Karachi, Dhaka, and Buenos Aires all receive nearly 20% of their rainfall from within their watersheds (i.e. 'internal moisture recycling'). Put another way, for these megacities in particular, land-use change within the watershed may be very important. For example, the Buenos Aires watershed encompasses the entire La Plata basin. Intense moisture recycling processes occur within the basin itself, not least because of its moist, tropical air. Though we do not discuss smaller-scale feedbacks of land-use change on moisture recycling, the scales of some of these megacity watersheds suggest that basin-scale efforts to coordinate and address land-use change impacts to surface water may be relevant to adjacent river basins, since land-use change in one watershed can significantly modify precipitation in other watersheds \[[@pone.0194311.ref004], [@pone.0194311.ref049]\].

Integrated Water Resources Management (IWRM) is an existing strategy that aims for holistic management of water resources across multiple stakeholders, within an entire watershed \[[@pone.0194311.ref050]\]. In the past, IWRM has been particularly oriented towards runoff, and how it is used among farmers, industry, and cities. Given the importance of internal moisture recycling in several megacity watersheds, IWRM may be a reasonable and appropriate entry point for landscape management, particularly oriented towards moisture recycling \[[@pone.0194311.ref051]\]. High internal moisture recycling, i.e. within a watershed, could be a source of resilience, but that depends on many factors including whether land-use change leads to changes in circulation patterns that could send evaporation out of the watershed (e.g. \[[@pone.0194311.ref017]\]). Future work could aim to better understand the scales of appropriate management and governance of moisture recycling as it relates to urban water vulnerability, and whether in some cases existing watersheds are good entry points for such management \[[@pone.0194311.ref052], [@pone.0194311.ref053]\]. Such work would need to be specific to a particular megacity (and its regional land and climate dynamics).

The geopolitics of internal moisture recycling management is also an important consideration, since the watersheds of many of these megacities cross political borders that are tense, if not volatile. For example, Karachi's watershed stretches into the Himalaya, and includes areas managed by Nepal, China, Afghanistan, and India. The Nile basin, which is Cairo's source of water, stretches as far south as the center of the African continent. However, the Blue Nile, the most important tributary to the Nile proper, originates in Ethiopia---a country with whom Egypt has tense relations regarding historic water management. As Ethiopia develops its own surface water resources, as well as continues dramatic land-use change, Egypt will need to plan accordingly regarding its surface and atmospheric water resources. Previous work began exploring the importance of transboundary moisture recycling governance \[[@pone.0194311.ref053]\], in terms of tailored strategies depending on terrestrial moisture recycling dynamics. However, much work remains to be done to better understand how megacities can play a role in managing these national and international issues.

Future exploration of moisture recycling vulnerability {#sec021}
------------------------------------------------------

It is important to view our analysis as complimentary to other forms of water resources vulnerability analysis, and as highlighting aspects of the water cycle that are ignored in conventional vulnerability analyses. Future work that aims to explore moisture recycling vulnerability could refine our vulnerability analysis in several ways, including different representations of vegetation-regulated moisture recycling and land-use change. The concept of vegetation-regulated moisture recycling is very recent \[[@pone.0194311.ref023]\], and thus there is a great deal of work to be done to improve the estimation, simulation, and validation of this variable. Similarly, the importance of land-use change (i.e. how much can land-use change actually modify moisture recycling) is still a topic of much debate. Future work on the topic of integrated moisture recycling vulnerability could consider different values of vegetation-regulation, different land-use change simulations, and different moisture tracking or modeling schemes.

Additionally, climate change impacts to moisture recycling dynamics were not included here since we were looking at historic data only. However, climate change impacts may continue to be important for future moisture recycling vulnerability, especially as the climate starts to experience significant changes towards the middle of the 21st century. Changes to jet streams, storm tracks, El Niño events, and many other impacts of climate change will likely interact in important and significant ways with moisture recycling vulnerability \[[@pone.0194311.ref054]\]. For example, urban water demand will continue to increase over the coming decades as the climate changes. Thus, analyses that are oriented towards understanding how climate change might interact with future changes in megacity moisture recycling vulnerability, must consider integrated simulations of demographic, land-use, and climate change, since they will all interact with one another. Scenarios of *possible* change could be more useful than projections of *likely* change, since the complexity of the integrated factors will render any single simulation incorrect, but possible scenarios could provide valuable guidance forward \[[@pone.0194311.ref055]\].

Limitations and uncertainties {#sec022}
-----------------------------

The topic of moisture recycling has been largely absent from any discussion of urban water security, but this analysis will hopefully elevate the topic as worthy of consideration in the broader discussion of urban sustainability. Our results characterize existing and historic relationships between moisture recycling patterns, the role of vegetation in sustaining moisture recycling patterns, and recent trends in land-use change. We note we are focusing almost entirely on quantity issues, not quality, with regard to our vulnerability analysis. Also, it should be kept in mind that future land-use changes do not always follow current trends linearly. The results of the vulnerability analysis could change with the use of modified variables (e.g. different assumptions about land-use change), or new variables (e.g. climate change impacts to the storm tracks). Land-use change effects on evaporation can very depending on type of change, land management, vegetation, and climate \[[@pone.0194311.ref056]--[@pone.0194311.ref058]\]. Land-use change effects on precipitation can vary depending on scale \[[@pone.0194311.ref059]\], modulate rainfall triggering mechanisms through aerosol generation and boundary layer interactions, and can modify circulation patterns at the scale of monsoon systems \[[@pone.0194311.ref017]\]. Nevertheless, moisture recycling is often the dominating process at the regional scale and relevant as a first-order estimate of land-precipitation connections.

Conclusion {#sec023}
==========

We identified the precipitationsheds for 29 megacities globally. Of these megacity precipitationsheds, 19 of 29 megacities get more than a third of annual precipitation from terrestrial sources. We also found that 20 of the 29 megacities experience significantly more terrestrial moisture recycling during dry years as opposed to wet years. By combining our analysis with previous work, we find that the water supplies of 4 megacities are highly vulnerable, including Karachi, Shanghai, Wuhan, and Chongqing. Thus, our findings lead us to conclude that some megacities ought to consider the land-use change dynamics occurring within both their precipitationshed and watershed, so that they can better understand the interconnectedness of their own water security.

Supporting information {#sec024}
======================

###### Moisture recycling results for 25 megacities.

Appendix includes results for the 25 megacities, that are not included in the main text of the manuscript, including results for: (a) the core precipitationshed, (b) the analysis of moisture recycling exposure, (c) monthly precipitation and terrestrial moisture recycling ratios, and (d) comparison of dry and wet year precipitationsheds.

(PDF)

###### 

Click here for additional data file.
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